Objective The objective of this study was to develop a physiologically based pharmacokinetic model for meropenem using a retrograde approach, which could serve as a basis for prediction of the systemic and infection-site drug exposures in different populations and indications. We intended this model to be a useful tool to inform (local) pharmacokinetic-based optimal dosing of meropenem in different settings. Methods We developed a reduced physiologically based pharmacokinetic model with NONMEM software using a top-down approach. We used historical (previously published) data for model development and qualification. We used steady-state systemic and infection-site concentrations from 60 adult patients diagnosed with severe lung infection for model development and internal evaluation. The data included rich plasma and sparse epithelial lining fluid samples. We based the internal validation of the model on successful numerical convergence, adequate precision in parameter estimation, acceptable goodness-of-fit plot with no indication of bias, and acceptable performance of visual predictive checks. We performed external validation by fitting the model to independent data from five previously published studies: four studies in patients with pneumonia, with different grades of renal impairment, and one study in morbidly obese patients. Results We successfully fitted a reduced physiologically based pharmacokinetic model with six compartments (arterial and venous pools, infection site [lungs], liver, kidneys and rest of the body) to the data and adequately estimated model parameters. We successfully qualified the model (internally and externally) using established methods. Estimated values for tissue-to-plasma partition coefficients were 0.2629 and 0.1946 for lungs and non-fat tissues (kidneys and liver), respectively. Estimated total clearance was 8.174 L/h for a typical patient with a glomerular filtration rate of 65 mL/min. Consistent with the known mechanism of meropenem elimination and previously published models, renal clearance accounted for 70% of total clearance. The model had good predictive performances on data from five different sources including populations with different characteristics with regard to body size, renal function and morbidity. Conclusions We successfully developed a physiologically based pharmacokinetic model for meropenem in adult patients to be used as a basis for prediction of concentrations in different groups of patients, and eventually for effective dose individualisation in different subgroups of the population.
Introduction
Meropenem is a well-tolerated antibiotic with a broad antibacterial spectrum including Gram-negative bacteria. It is used in critical situations, such as in intensive care patients to treat severe nosocomial pneumonia. The approved summary of product characteristics recommends the use of 500 mg or 1 g every 8 h (every 12 h for patients with renal impairment) by intravenous infusion over 15-30 min for adult patients with pneumonia (including community-acquired pneumonia and nosocomial pneumonia) [1] . However, alternative dosing regimens and modes of administration would be more effective, or cost effective, in clinical practice [2, 3] . Optimal dosing of meropenem in different subpopulations and indications is therefore still not consensual, and tools to inform adequate and objective dosing should have further advantages for the clinical care of (critically ill) patients treated with meropenem.
Use of pharmacokinetic (PK)/pharmacodynamic modelling, i.e. integration of PK parameters with the minimum inhibitory concentration (MIC), is now recognised as a powerful tool to optimise antibiotic dosing regimens and has been successfully applied in different cases [4] . To optimise meropenem dosing, meropenem pharmacokinetics was described in different patient populations and indications, including neonates [5, 6] , morbidly obese patients [7] , adults with pneumonia (sepsis) [8] [9] [10] [11] [12] [13] [14] [15] [16] , a healthy population [17] and patients with various degrees of renal functions [18] .
All these models used a data-driven empirical top-down approach in their development, i.e. estimated PK model parameters based on concentrations collected in a particular group of patients. Consequently, the results are not consistent across studies given that the findings in each of these studies are only applicable to the population sample of collected concentrations. To date, there has been no exploration of the sources of differences in parameter values reported in the varying studies, and a basis for inference in yet unstudied populations is currently missing.
The fact that only plasma concentrations are described in most of these studies is another limitation with currently available models, while there is increasing evidence about the superiority of dosing based on local (infection-site) concentrations [9] . It is therefore important to characterise the time course of meropenem concentrations at sites of infection. To date, a very limited number of therapeutic studies assessed clinical outcomes based on epithelial lining fluid (ELF) drug concentrations [19, 20] .
Physiologically based pharmacokinetic (PBPK) modelling can address these two issues (i.e. reconciliation of previously published results and descriptions of local concentrations even in the absence of measured values). In PBPK models, there is a distinction between drug-and systems (patient)-related parameters. The structural elements represent the tissue and organ spaces of a mammalian body, whole-body physiologically based modelling, and they provide a more mechanistic description of the time course of plasma and local concentrations as compared with traditional and empirical compartmental models. Physiologically based pharmacokinetic models are therefore mechanistic models that originate in both the pharmacological behaviour of the drug and human physiology. This modelling approach is much less dependent on the data and related limitations, and is used to predict data collected in different settings and explain (conflicting) results obtained in previous publications. The further advantage of a generic PBPK model is to propose a robust tool for the development of dosing algorithms.
The clinical application of whole-body physiologically based models has faced a number of limiting steps including the requirement for a large amount of patient-and drugrelated data, as well as the need for methodological, numerical and computational resources. By either fixing a number of parameters or by reducing the complexity, we overcome these hurdles and therefore the number of parameters to estimate, resulting in reduced physiologically based pharmacokinetic models.
As no PBPK model has been published for meropenem so far, the aim of this article is to develop a model that permits the quantitative characterisation of the disposition of meropenem in different patient populations (i.e. description of systemic [plasma] and effect site [ELF] exposures) and that serves as a basis for the inference on (plasma and local) exposure in yet unstudied populations.
Patients and Methods

Patients
We used data from five previously published models for meropenem for model development and validation. Table 1 summarises the patients' characteristics in the five different studies. Frippiat et al.'s data [10] (PROMESSE study) were used for model building. The data set consists of rich plasma and sparse ELF samples, measured at steady state, from 60 patients diagnosed with severe lung infection (lateonset ventilator-associated pneumonia or hospital-acquired
Key Points
Several reports in the literature describe the pharmacokinetics of meropenem in patients with pneumonia. We developed these models using an empirical data-driven approach: there are therefore differences (inconsistencies) in the structure, parameter values and covariates included in the different models.
We successfully developed for the first time a physiologically based pharmacokinetic model for meropenem, whose structure and parameters are less dependent on the available data, originating from the pathophysiology and pharmacological properties of the drug.
We demonstrated the reliability, predictive performances and robustness of our physiologically based pharmacokinetic model by its ability to predict the previously published plasma and infection-site concentrations measured in different settings and populations (external validation data) with acceptable accuracy and precision. pneumonia). Data from the PROMESSE study were available at the patient level and data from five additional patients that had become available after the data lock point for Frippiat et al. [10] have been included in our analysis. Patients received 1 g of meropenem every 8 h by intravenous infusion over either 0.5 h or 3 h. Figure 1 shows the plasma and ELF drug concentrations in each patient. As expected, we observed higher drug concentrations in patients with renal impairment. We further observed high inter-individual variability both in plasma and ELF concentrations, consistent with other studies [9] . Further information about patient demographics, study design, treatment and sampling are available in Frippiat et al. [10] .
Physiologically Based Pharmacokinetic Model Development
We used patient blood and ELF concentrations to estimate the tissue-to-blood partition coefficients and the total clearance (top-down approach). We used a non-linear mixedeffects approach for this purpose, as implemented in NON-MEM software, Version 7.3 (Icon Development Solutions, Ellicott City, MD, USA) and the Perl-speaks-NONMEM toolkit, a programming library containing a collection of computer-intensive statistical methods for non-linear mixedeffects modelling [21] . We used the first-order conditional estimation with η-ε interaction. The Electronic Supplementary Material (ESM) provides the NONMEM code of the final model. The reduced PBPK model for meropenem consists of six compartments, including three organs (lungs/site of effect, kidneys and liver) and two blood compartments to distinguish arterial and venous bloods. Figure 2 shows the schematic of the architecture of the structural PBPK model. In the model, all tissues were represented as single wellstirred compartments and the distribution of meropenem was assumed perfusion rate limited. We combined all the other tissues and organs (stomach, spleen, intestine, heart, muscles, bones) into one compartment called "rest of the body". We connected the compartments representing different organs and tissues in parallel between those representing the arterial and venous circulations: the arterial circulation provided the blood supply to all organs and tissues and blood from the tissues flowed directly into the venous circulation. The lung compartment closed the circulation loop in the model and received blood at a flow rate equal to that of the Wittau et al. b [7] 30-min infusion (n = 33)
3-h infusion (n = 27) (n = 39) (n = 4) (n = 79) (n = 13) (n = 5) cardiac output. The PBPK model was built on physiological considerations and included realistic organ blood flows and organ volumes, obtained from the literature [22] and presented in Table 2 . Consistent with the known pharmacology of meropenem, we modelled the elimination of meropenem as occurring in the kidneys and the liver. We assumed renal elimination to represent approximately 70% of total clearance [1] . We assumed non-renal clearance as entirely hepatic (metabolism by hydrolysis) [1] , and other tissues to have no effect on the drug clearance. We administered meropenem by intravenous perfusion.
The mathematical description of this model consists of a mass balance equation for each compartment. We modelled the affinity of each tissue for the drug as a tissue-to-plasma partition coefficient, K p , defined as the ratio between the organ concentration and the efferent plasma concentration.
We used the following differential equations to describe drug evolution in the different compartments: Table 2 Physiological parameters used in the model, taken from Jones et al. [22] a Tissue volumes and blood flow rates are expressed as a fraction of total bodyweight (WT) and cardiac output (CO), respectively b The blood flow of the liver is the sum of the blood flows of the portal vein and the hepatic artery where c a , c Li and c Ki denote drug concentrations in the arterial compartment, the liver and the kidneys, respectively, V Ki and V Li denote the volumes of the liver and kidney compartments, respectively, Q Li and Q Ki are the blood flow rates of the liver and the kidneys (the liver blood flow rate is the sum of the blood flows of the portal vein and the hepatic artery), CL R and CL H are the renal and hepatic clearances, and K pLi and K pKi are the concentration ratios between the liver and kidneys and the efferent plasma. We assumed the Kp values for non-fat tissues (liver and kidneys) were equivalent.
(ii) Non-eliminating organs/tissues:
where c RB and c Lu denote drug concentrations in the "rest of the body" and in the lungs compartments, respectively, V Lu and V RB denote the corresponding volumes, Q Lu and Q RB denote the blood flow rates of the lungs and the rest of the body, and K pLu and K pRB are the concentration ratios between the lung and the rest of the body, and the efferent plasma.
(iii) Blood compartments:
where u represents the intra-arterial rate of infusion, c a and c v denote drug concentrations in the arterial and venous pools, respectively, c Lu and c i denote drug concentrations in the lungs and in each of the other organ compartments, V a and V v denote the volumes of arterial and venous compartments, respectively, Q co denotes the cardiac output, and Q Lu and Q i are the blood flow rates of the lungs, and each of the other organ compartments, respectively. The blood flow of the liver is the sum of the blood flows of the portal vein and the hepatic artery. We described inter-individual variability by an exponential model, meaning that we assumed parameters ( K p and CL) to be log-normally distributed as exemplified below for total clearance:
and
where CL i is the clearance value for the ith individual, TVCL is the population typical value (fixed effect) for the clearance, and i is the individual realisation of the random variable ∼  (0, 2 ) (random effect). We only retained inter-individual variability terms in the model when they improved the fitting performance of the model based on the result of likelihood ratio tests. We initially described the residual error models (on plasma and ELF observations) by a combined proportional and additive model:
where Y ij and F ij stand for the jth observed and predicted concentrations in the ith individual, respectively, and ) , respectively. We incorporated known physiological relationships into the covariate-parameter models. We described the changes in the total clearance as a function of renal function by an allometric model, as shown below:
where CL i is the total clearance value for individual i, and was described as a function of typical clearance value in the population ( TVCL ) and of the glomerular filtration rate (GFR) for individual i ( GFR i ), normalised by the median GFR ( GFR med ), which was 65 mL/min in the studied population. We estimated θ GFR in a preliminary analysis step and described the normalised power function. We modelled the effect of body size on the volumes of distribution of the different compartments using a linear function: tissue/organ volumes were expressed as a fraction of total bodyweight [22] .
Physiologically Based Pharmacokinetic Model Evaluation
Internal Validation
Assessment of parameter estimation adequacy was guided by model fitting performances, including (1) parameter plausibility, (2) successful convergence of the minimisation routine with at least two significant digits in parameter estimates, (3) visual inspection of diagnostic scatter plots (observed vs. predicted concentrations and conditional weighted residual vs. predicted concentration or time), (4) precision of parameter estimates (assessed by bootstrap) and (5) acceptable visual predictive checks (VPCs).
Internal evaluation consisted of validating the model by means of the data involved in parameter estimation. Standard methods [23] are the diagnosis scatter plots, the VPCs and the bootstrap. Using R, we performed graphical representations [24] . We used the following diagnosis scatter plots, also called goodness-of-fit plots, for model internal qualification: observed concentrations vs. predicted or individualpredicted concentrations, and conditional weighted residuals vs. predicted concentrations and vs. time.
We based VPC on the idea that a model derived from a data set should be able to simulate data similar to the original models. To generate the VPC scatter plot, we simulated the original data set 1000 times using the final model. We compared the 90% prediction interval of the simulated concentration time profiles to 90% of the observed concentrations. A good overlap between predicted and observed drug concentrations confirms that the model is adequately adjusted to the data.
Model bootstrapping is a method used to evaluate the precision of parameter estimations. It consists of generating a large number of new databases by sampling individuals with replacement from the original dataset. For each new dataset, parameters were re-estimated and this resulted in a bootstrap distribution of each model parameter [25] . We investigated the 90% confidence interval (between the 5th and 95th percentiles) for each of the model parameter distributions using 500 bootstraps [26] .
External Validation
External evaluation consisted of comparing model predictions (90% prediction interval using the final model) with concentrations measured in patients in similar situations from the scientific literature. Data were generated (digitised) at patient levels using figures provided in the different papers. The good predictive performances of the model are established when the simulated data are consistent with observed concentrations in independent but similar settings. We used MATLAB2016b software (The MathWorks Inc., Natick, MA, USA) to perform simulations (using the analytical expression of the PK profiles). Using MATLAB, we made graphical representations. We designed MATLAB codes to determine PK profiles at a population level, or for a typical patient (based on weight and GFR values). The ESM provides an example of a MATLAB code used for this purpose.
We used data from four previously published studies for this purpose. Three of the studies described meropenem pharmacokinetics in (sepsis) patients with pneumonia [8, 9, 11] , while the fourth study described meropenem pharmacokinetics in patients with variable renal functions [18] . However, the conclusions regarding the external validation are limited by the small size of the validation groups. We included in the validation data set all of the digitised data obtained from available and relevant publications in the scientific literature where meropenem was used to treat patients with pneumonia.
The first study by Karjagin et al. [11] contained six patients with severe peritonitis associated with septic shock. We only reported relevant information for the simulation process (dosing regimen, and matched bodyweight and renal function) for four of the six patients. Accordingly, we used digitised observed data from these four patients for external validation (1 g over a 20-min infusion, every 8 h) . For each individual, we obtained information on sex, weight, age, serum creatinine and creatinine clearance.
In the study by Li et al. [8] , we obtained data from three previously conducted clinical trials in patients with pneumonia (including patients with community-acquired pneumonia, or ventilator-associated pneumonia). We did not obtain individual characteristics, but presented mean values as part of the demographic characteristics (weight, height, sex, age, serum creatinine). We derived individual patient characteristics for simulations using online databases from the National Health and Nutrition Examination Survey website from 2005 to 2006 [27] , taking into account the proportion of male and female individuals and the range of the different variables as described by the authors [8] . We used digitised observed data for external validation (six different dosing regimens: 0.5, 1 or 2 g over a 30-min or 3-h infusion, every 8 h).
The study by Lodise et al. [9] involved patients with ventilator-associated pneumonia. Demographic characteristics were provided (age, weight, height) at the summary level. We derived individual characteristics for simulations from the National Health and Nutrition Examination Survey 2005-2006, taking into account the proportion of male and female individuals and the range of available variables. Observed data were not reported in the publication, but the authors performed simulations of concentration-time profiles in plasma and ELF. Hence, we used the (digitised) simulation results for our external evaluation step (2 g over a 3-h infusion).
Finally, we also used the study by Chimata et al. [18] , including patients with various renal functions, for external validation. We allocated patients to three groups: group 1 (four patients with CL CR ≥ 50 mL/min ), group 2 (four patients with 30 mL/min ≤ CL CR ≤ 50 mL/min ) and group 3 (five patients with CL CR ≤ 30 mL/min ). Groups 4 and 5, including patients with end-stage renal disease ( CL CR < 5 mL/min ), were not used for our external validation. For each individual, we obtained information on sex, weight, age, serum creatinine (mg/dL) and creatinine clearance. We used digitised observed data for external validation (0.5 g over a 30-min infusion).
Glomerular filtration rate was either approximated by the creatinine clearance consistently with the source article or computed using either the Cockcroft-Gault formula [28] or the Modification of Diet in Renal Disease formula [29] . We approximated the body surface area using the Du Bois formula [30] .
Extrapolation in Morbidly Obese Individuals
We investigated the predictive performances of the model by fitting the model to (digitised) concentrations from a previously published study on meropenem in morbidly obese patients [7] (1 g over 15-min infusion, every 8 h). This study included five patients. Given that individual patients' characteristics (sex, age, weight, height, body surface area, serum creatinine) were not reported in the publication, we generated relevant individual-level patients' characteristics using the population tab of Simcyp, Version 16.0.113.0 (Certara Inc., Princeton, NJ, USA) that matched the summary-level characteristics in the publication. Simcyp virtual populations are created based on real patient populations: the actual covariance structure between patients' characteristics in the population is therefore conserved in the simulations. Obese patients constitute an interesting population to consider, especially because weight is an important covariate of the model. This very different population with regard to bodyweight distribution is presented as an extrapolation group, compared to the other available data. Table 3 details the estimated PBPK parameter values and related bootstrap distribution results (confidence intervals). We assumed clearance as the sum of the renal clearance (fixed to 70% of the total clearance) and the metabolic clearance. We assumed partition coefficient values (ratio between systemic and tissue concentrations, K ps ) for nonfat tissues (liver and kidneys) to be equivalent as described by Pilari and Huisinga [31] . Kps and clearance estimates were plausible and adequately estimated. Bootstrap results, also included in Table 3 , gave satisfactory results. Estimated values for tissue-to-plasma partition coefficients were 0.2629 and 0.1946 for lungs and non-fat tissues (kidneys and liver), respectively. This implies that, when target concentrations are computed from in-vitro experiments where microbiological susceptibility is defined in terms of MIC, the dose should be optimised on the basis of the concentrations to reach in the target tissue rather than in plasma only.
Results
We internally validated the selected model by basic goodness-of-fit plots as shown in Fig. 3 . The model fitted the data adequately, as shown by the absence of inadequate trends. Figure 4 shows the results of the PBPK model validation by VPCs. There were 1000 simulations of the original dataset performed and there was an acceptable agreement between the predicted and observed meropenem concentration-time data over the dosing interval for both ELF and plasma concentrations. The good overlapping effect between observed and predicted plasma and ELF concentrations indicates that the model displays good fitting performances and is therefore suitable for prediction purposes.
Results of external validation on data from independent patients with pneumonia [8, 9, 11] are shown in Figs. 5, 6 and 7. In all cases, the prediction of external data using the final PBPK model was acceptable. Figures S1-4 of the ESM provide individual plots for Karjagin et al.'s patients [11] . Separated plots for each dosing regimen reported in [8] are also provided in Figs. S5-10 of the ESM. Figure 8 shows the predictions for the patients taken from various degrees of renal function [18] . Simulations displayed good agreement between observed and predicted concentrations. Figures S11-13 of the ESM provide separated plots for each group. Figure 9 indicates that the developed PBPK model has good predictive performances for morbidly obese patients [7] and seems therefore acceptable for extrapolation in other groups of patients.
Discussion
In this study, we developed a PBPK model for meropenem in patients with pneumonia with acceptable predictive performances and in line with the known pharmacokinetic properties of meropenem. Meropenem is a hydrophilic small molecule with a low volume of distribution and a very low level of protein binding (< 2%). These characteristics make meropenem a drug mainly eliminated by the kidneys, as the unbound fraction is available for glomerular filtration (major elimination pathway). Adequate characterisation of the impact of kidney function and body size on meropenem disposition is therefore crucial for adequate description/prediction of meropenem exposure in different populations and settings.
We quantitatively accounted for these two drivers of meropenem disposition in the PBPK model. Glomerular filtration rate (as a metric of kidney function) was included in the model as a significant covariate with an effect size estimated from Frippiat et al.'s data [10] . It was therefore described with an allometric exponent of 0.722. This is in good agreement with covariate effects in other papers on patients with pneumonia [8, 10] . As shown in Table 2 , body size was included in the model as a linear covariate on the different organ volumes. This is consistent with the allometric theory and in line with PBPK models for other drugs [31, 32] . It should however be noted that organ volumes and organ blood flows are not consistently reported in previously published PBPK models [33] [34] [35] . A sensitivity analysis was therefore performed and revealed that organ volumes or organ blood flows had little influence on the final model predictions. The direct link of PBPK model parameters with (patho)physiology and drug pharmacology constitutes additional evidence of the model reliability as compared with the other models developed using a data-driven approach.
Estimated values for tissue-to-plasma partition coefficients were 0.2629 and 0.1946 for lungs and nonfat tissues (kidneys and liver), respectively. This implies that, when target concentrations are computed from in-vitro experiments where microbiological susceptibility is defined in terms of MIC, the dose should be optimised on the basis of the concentrations to reach in the target tissue rather than in plasma only.
For the purpose of meropenem dosing optimisation, an important number of population-PK models have been published, in different indications and populations [7-10, 13, 15, 18] . There are sometimes inconsistencies in the results from different groups with regard to final structural models [15] , estimated parameter values, covariates selected [8, 13] and their effects on PK parameters [9] . This can be confusing and constitutes a limitation to the use of the modelling results by clinicians and users without a strong pharmacometrics background. These differences can probably be mostly related to the data-driven approach undertaken to develop these models, on the one hand, and to the differences in study designs and in particular, patients' characteristics across studies, on the other hand. Furthermore, these models all aim at ensuring that patients' exposure, i.e. PK concentrations, are within effective and safe margins with respect to the implemented dosing regimen. It should be noted that quantitative analysis and PBPK model development for the description of meropenem pharmacokinetics across indications and populations have not been explored so far, despite the large amount of available information on this topic in the scientific literature. There is therefore an unmet need to conciliate the current quantitative description of meropenem PK behavior across populations and indications, as well as the determinants of its PK variability. Meropenem pharmacokinetics in different populations and indications shares a drug-related component that can be quantitatively characterised and likewise the impact of different sources of variability such as renal function and body size. The PBPK model for meropenem developed in this study, whose (internal and external) qualification showed interesting results, may be considered as a good basis for dose optimisation in different situations where the drug is used. The good predictive performances of the proposed PBPK model on independent data collected in different settings constitute evidence of the model's robustness and increase the confidence in its ability to predict yet unobserved concentrations. It should however be noted that this model still needs to be tested with additional external data and that its extrapolation to other populations such as children and patients without pneumonia still deserves investigation and will be the topic of future work. Extrapolation in morbidly obese patients supports the advantage of a PBPK model as a generic tool in comparison with a population-PK model developed by using a data-driven approach. The ability of the proposed model to predict local (infection-site) concentrations is an interesting feature, which is increasingly considered as a better predictor of antibiotic efficacy than systemic concentrations [9] . This model can therefore be used to reliably compare different dosing options in different indications based on local concentrations. This is particularly important for meropenem given that there exists in the scientific literature a current lack of consensus in drug dosing. Recent publications report the superiority (in terms of cost effectiveness) of using smaller doses with shorter dosing intervals, as compared with the standard dosing regimen [3] whereas others state that the pharmacodynamic target (%T > MIC) is improved by extended or continuous infusion (see e.g. [19] ). However, other studies proved that continuous infusion may fail to achieve 100% T > MIC at the site of infection [12, 36] . Therefore, tools to inform adequate and objective dosing should have further advantages for the clinical care of (critically ill) patients treated with meropenem.
Our aim is not to argue in favour of one approach over another for dosing of meropenem but to provide the pharmacologist and/or prescriber with a robust tool to test the efficiency of, and optimise, the dosing regimen given the considered target PK/pharmacodynamic parameter and the particularities and constraints applicable to the concerned Simulated plasma pharmacokinetic profiles (median and 90% prediction interval) for 1000 patients from Simcyp virtual populations and consistent with variable ranges described in the article [7] (glomerular filtration rate was computed with the Modification of Diet in Renal Disease formula, square points are the observed plasma concentrations digitised from [7]) patient. The developed robust PBPK model can be used to derive a dosing algorithm based on these considerations. Any lack of robustness or any limitation of the model will propagate it in the dose computed using the algorithm.
Conclusion
We proposed a reduced PBPK model to describe meropenem plasma and ELF concentrations in patients with pneumonia. This model can be used for simulations in such patients with varying degrees of renal function, and we obtained satisfactory results in another group of patients (morbidly obese population). This model can be used as a starting point to design individualised drug dosing strategies in these populations.
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